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The exploding growth in the use of nanomaterials in a wide range of applications is expected to increase both the intended and unintended human exposure to engineered nanoparticles (NPs), 1 but a great deal of confusion still exists about the properties that make a NP toxic or biocompatible. Distinct physical and chemical properties of the NP engage and activate distinct proteins and cellular pathways that, in turn, govern the fate of the NP and its impact on the cell and ultimately on human health. The relationships between NP properties and these key cellular processes and response are far from being understood.
This knowledge gap is largely due to experimental challenges that NPs present, including the difficulty to achieve uniform NP distribution over the exposed cells. The distribution typically spans 2-3 orders of magnitudes, 2, 3 indicating that some cells are "overloaded" with hundreds or even thousands of NPs while other cells are loaded with only few or no NPs. The uneven distribution partially results from the tendency of NPs to agglomerate when the local concentration is relatively high, as is often the case in the initial exposure solution. Yet regulation of gene expression or pathways in response to NP exposure has been measured in the cell population as a whole. 4 This approach identifies averaged, often most common or generic processes, while leaving other critical processes undetected due to the dilution of signals across many cells, each caries a different number of NPs. This concept was demonstrated recently using high content imaging for linking cellular responses to intracellular QD loads on the single cell level. 5, 6 Using this approach, Manshian et al. identified mechanisms in response to sub-toxic QD doses, which would have been unnoticed if the behavior of the entire cell population was averaged. 5, 6 For example, they found that apoptosis occurs at medium to high intracellular QD loads but is impeded by autophagy at higher loads, leading to a partial recovery of cell viability.
At the highest load, however, high levels of autophagy lead to cell death. Because processes that occur in a fraction of cells can be buried in the population measurement, 7 unrealistically high NP doses are often used to achieve detectable responses. As a result, it is unclear whether population studies identify only generic, emergency state responses in a subset of "overloaded" cells, and whether responses unique to the properties of the NPs at lower exposure and load levels, where many cells might carry not even one NP, are diluted and missed altogether. To answer these questions, we exposed alveolar epithelial cells, which present a vulnerable target for airborne NP exposure, [8] [9] [10] to aminated or carboxylated quantum dots (QDs), and sorted out individual cells by their QD load for single-cell RNA-Seq analysis.
QDs have been generating interest in a growing range of applications, from solar and interfacial charge transfer, [11] [12] [13] including photovoltaics 14 and solid state LED lighting, 15 to biological research, drug delivery and medical diagnostics. [16] [17] [18] [19] [20] The biological and theranostic applications have gained traction with the realization that toxicity of QDs is likely to originate from the dissolution of heavy metals in the QD core, [21] [22] [23] but QDs capped and coated with protective layers have the potential to be biocompatible 24, 25 and provide a unique tool for both treatment and imaging. 19, 20 However, controversy still exists about the type of coating and functional groups that could make these promising NPs biocompatible. [26] [27] [28] [29] [30] Because of their high relevance to intended and unintended human exposure, and their bright fluorescence that allows sorting single cells by NP load, we chose to focus on aminated and carboxylated QDs to fill the gap in our understanding of the relationships between their distinct properties and the unique molecular pathways that they impact. 
Results and Discussion
Guided by the working hypothesis that cells loaded with a higher number of NPs enter a general emergency state, while cells loaded with a lower number of NPs respond to specific properties of the NPs, we exposed alveolar epithelial cells to a nontoxic dose of aminated or carboxylated QDs and sorted them by QD load -one cell per well -for single-cell RNA-Seq. While available resources limited our studies to one cell type, we chose to focus on alveolar epithelial cells as they have been shown to present a vulnerable target for inhaled nanoparticles. [8] [9] [10] peak emission at 655 nm were used in this study. The QD size distribution was determined from transmission electron microscopy (EM) images ( Figure 1A ), where the average QD width and length were calculated by measuring 100 individual QDs for each QD type. For the aminated QDs, the average width was 9.1 ± 1.2 nm and the average length was 13.3 ± 1.4 nm. For the carboxylated QDs, the average width was 9.2 ±1.2 nm and the average length was 13.5 ± 1.3 nm, showing no significant difference between the sizes of the two QD types. Aggregate size measured in supplemented growth medium at the concentration used in this study (10 µg/ml) showed no significant difference between the aminated and the carboxyated QDs (25.5 ± 2.3 nm and 26.1 ± 1.9, respectively). Zeta potential measured in distilled water showed -0.2 ± 0.3 mV for aminated QDs, and -22.83 ± 8.6 mV for carboxylated QDs. Zeta potential measured in supplemented growth medium showed no significant difference between the values of the aminated (1.5 ± 3.6 mV) and carboxylated (0.44 ± 1.7 mV) QDs, possibly as the result of a protein corona that is formed on NP surfaces in supplemented growth media. This corona might be different for the carboxylated and aminated QDs, which might also contribute to the observed differences in the cellular responses. The slightly negative zeta potential value of the aminated QDs possibly reflects a relatively low number of amine groups at the QD surface. However, the carboxylated QDs showed substantially more negative zeta potential values compared with the values of the aminated QDs, together providing two QD types that substantially differed in the functional groups at their surface and possibly their corona, but were identical otherwise.
As described in Methods, we chose to expose the cells to the QDs for 1 h, after which the QDs were rinsed and the cells were incubated in grown medium for additional 24 h before sorting for single-cell RNA-Seq. By setting the exposure to the QDs for 1 h, the cells were loaded with a discrete QD load per cell, rather than the continuous increase in QD load that would have occurred over longer exposure periods, with cellular processes also shifting over time. The 24 h response time was selected as it is commonly used in NP exposure in vitro studies, as well as the early time point in vivo. A nontoxic dose (10 µg/ml) was chosen based on results using the MTS assay ( Figure S1A) , showing no significant decrease in cell viability, indicating no acute toxicity or extreme damage was induced in the population as a whole. It is important to note that when cells were incubated with QDs over the whole 24 h ( Figure S1B ), rather than 1 h, a significant cell death was detected in response to aminated QDs starting at 20 µg/ml, and to carboxylated QDs starting at 50 µg/ml. This observation indicates that at very high QD loads (not pursued in our study), the aminated QDs are more toxic than the carboxylated QDs. microscopy, we confirmed the presence of lower and higher QD loads in the sorted cells. Figure   2 shows an example of confocal fluorescence images of alveolar epithelial cells sorted from the higher ( Figure 2A ) and the lower ( Figure 2B ) fluorescence intensity gates, respectively, as well as a cell with an intensity value that is lower than the intensity in the left gate ( Figure 2C ). Principal component analysis (PCA) was used to allow cells with similarities in gene expression profiles to cluster together. Figure 3A shows analysis using all 9233 genes that were detected in the single-cell RNA-Seq datasets. As shown in Figure 3A , PCA revealed that cells tended to cluster by QD type and load, and away from control unexposed cells (black dots). PCA also showed that cells loaded with a lower number of aminated (AL, pink) or carboxylated (CL, cyan)
QDs were clustered into two distinct groups that were far apart, whereas cells loaded with a higher number of aminated (AH, red) or carboxylated (CH, blue) QDs clustered into two groups that partially overlapped with each other. These observations indicate that a lower QD load per cell evokes response patterns that are unique to the QD property, while a higher QD load evokes similar or generic response patterns regardless of QD type.
PCA, in particular visualization using the first two principal components (PC), provides an approximation to the whole set. However, PCA can lead to incomplete conclusions regarding which variables are most relevant to the distribution of the data points in the two-dimensional space when the first two principal components are used. This can be a result of very high withinclass variability, highly correlated variables, or a combination of the two. 47 One way to address this problem when dealing with large datasets is to systematically select a subset of variables that adequately represent the entire dataset. Classification trees can be useful in this context because these algorithms select, using a greedy approach, only those variables that can best discriminate between groups or classes, while ignoring the rest. A single classification tree will, usually, select only a few variables useful for discrimination. Other variables can be selected by applying classification trees to the data in a recursive way.
To identify the functions or processes that can separate most clearly the responses of all treatment groups, we therefore used classification trees that optimize classifications of the individual cells into their respective treatments. Using this approach we identified the top 100 genes that contributed the most to the separation between the treatment groups. We found that these top 100 genes (listed in Table S1 ), chosen by the classifier, could more effectively segregate cells by their treatment groups than all 9233 genes found in the RNA-Seq datasets.
This separation is demonstrated by the PCA shown in Figure 3B .
Conventional differential expression analysis allowed us to identify genes that were expressed at statistically different levels in cells from each treatment group compared to control cells.
Differentially expressed genes were then submitted to functional enrichment analysis to determine functional pathways and categories likely to be over-represented among differentially expressed genes. It should be noted that increases in gene expression for a subset of genes Response. Genes relating to these two functional categories from the identified 100 are listed in Table S2 . Pathways connected to these two categories were highly prevalent in the functional analysis described in Figure 4 using all 9923 genes. These functions, indicated with red stars in Figure 4 , represent pathways with unique signatures across the four treatment conditions, To understand the divergent behavior of cells within their treatment group in a quantitative way, we applied hierarchical clustering for each group separately ( Figure 6 ). Figure 6 Tables S3-S6 . Figure S2 shows cluster dendrograms using the identified genes, and Figure 7 shows a functional heat-map of the pathways/functional categories found to be enriched in the Thus individual cells within a treatment group can manifest significantly distinct behaviors which can be completely missed due to signal averaging that occurs in population-based studies.
The contribution of a minority of divergent cells to the population is unknown, but may have significant impact through paracrine effects as has been shown previously. 45 Interestingly, the only shared process across all divergent cells was the upregulation of cellular respiration (electron transport; mitochondrial membrane) compared with their treatment group ( Figure 7 ).
This upregulated function, which was downregulated in the higher load groups of both QD types, might reflect a greater capacity to address the perturbation in the divergent cells, compared with the rest of the cells in their group.
Two additional questions come to mind. First, would an intermediate QD load elicit a distinct transcriptional response, or would it elicit a response that is similar to the responses elicited by either the higher or lower QD loads, suggesting a response threshold? Second, would narrower sorting gates minimize the variability that we found between cells within a treatment group? To address these questions, we exposed the cells to carboxylated QDs at a nontoxic dose (10 µg/ml) and sorted single cells from three distinct gates (Lower, Intermediate and Higher loads) that were nearly 3 fold narrower than the gates used earlier ( Figure S3-A) . For each QD load group, as well as Control, 11 cells were analyzed by single cell RNA-Seq. These carboxlated QDs had a slightly more negative zeta potential value (-24.5 ± 6.2 mV) and identical core/shell structure and size distribution as the carboxylated QDs used earlier. Figure 8A shows the PCA plot of the transcriptional response to the three QD load levels compared to control, using normalized gene expression values for the 10,457 genes that were detected in all treatment groups. The clustering pattern shows that each QD load level elicited a distinct response, each of which is distinct from control cells. This is further demonstrated in Figure 8B , which depicts the overlap in differentially expressed genes for each QD load group To determine whether the narrower sorting gates led to lower variability within QD load groups we performed hierarchical clustering within each treatment group as before. Figure S3 -B shows median standard deviation ratios of treatment vs. control groups, and reveals that narrower sorting gates did not strikingly lower gene expression variability. Thus the alternative response strategies that we found in individual cells within a treatment group are likely due to predominantly biological variability, rather than variation in QD load.
Conclusion
The main findings to emerge from this work are that individual cells within a population can respond with different biological processes to the exact same QD type and load, and these multiple yet coherent response strategies create a unique pattern of response to a distinct QD property. Furthermore, these unique responses to distinct QD properties are revealed mainly in cells that are loaded with a lower number of QDs, while cells carrying higher loads respond more uniformly within and across the two QD types, with a marked downregulation of multiple processes. Counterintuitively, we found that cells carrying lower loads of aminated QDs showed By recursive applications of classification trees to the single-cell RNA-Seq data, we found that the genes that can most effectively distinguish between the treatment groups were highly enriched in stress responses and cell cycle processes. This observation indicates that cells responded to each QD type and load by uniquely regulating these two functional categories.
Considering that at high cellular loads, aminated QDs are more toxic than carboxyated QDs, it is possible that upregulation of stress responses, with or without additional regulation of functions related to cell division, protein synthesis and organelle activities, seen clearly in cells carrying lower loads of aminated QD, are indicative of a cellular attempt to recover from toxic NP properties. In contrast, upregulation of DNA repair mechanisms and RNA activities, coupled with decreased regulation of mitosis, with or without additional increase in stress responses and energy production functions, which were seen clearly in cells carrying lower loads of carboxylated QDs, might be indicative of a viable response strategy to NPs with lower toxicity levels. Thus, separating and focusing on individual cells carrying lower NP loads allowed us to uncover unique response patterns to distinct NP properties, including multiple yet coherent response strategies. Multiple response strategies within the lower QD load group were also preserved when using narrower sorting gates, supporting the idea that these differences are likely due to biological variability, rather than variation in QD loads. These response patterns would have been buried otherwise within more uniform response patterns dominated by downregulated In summary, our studies suggest a scenario where higher NP loads lock cells into a somewhat uniform response involving a marked shutdown of cellular processes, whereas lower loads allow for responses that are unique to the NP types and are more diversified, proactive defenses against the NP insult. Future single cell studies are likely to identify additional alternative response strategies to the same NP type, allowing for a more complete comprehension of the complex relationships between NP properties and cellular response.
Methods
Cell Culture and QD exposure: A non-tumorigenic alveolar type II epithelial cell line (C10), derived from a healthy lung of an adult mouse, was used in this study. The cells were grown and exposed to the NPs as described earlier. 48, 49 Briefly, the cell were grown in RPMI growth medium supplemented with 10% FBS, 2 mM L-glutamine, 100 U/mL penicillin, and 100 µg/mL streptomycin. 3 x10 5 cells were seeded on cell culture-treated 35 mm plastic dishes (BD Falcon, 11.78 cm 2 effective growth area). The cells were kept in culture at 37°C for about 3 days until full confluence was reached, after which the cells were exposed to the QDs at 10 µg/ml suspended in 1.3 mL growth medium for 1 h at 37°C. Cells were then rinsed and incubated in grown medium for additional 24 h before sorting for single-cell RNA-Seq. The 1 h incubation with the QDs allowed to achieve a more discrete QD load per cell, in contrast to the 24 h incubation where the load would continuously increase, with cellular processes also shifting over time. A nontoxic dose (10 µg/ml) was chosen based on results using the MTS assay as described below.
Toxicity Assessment: Cell viability was determined using the MTS proliferation assay (CellTiter 96, Promega) as described earlier. 50, 51 Briefly, measurements were performed on three separate 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  3 0  3 1  3 2  3 3  3 4  3 5  3 6  3 7  3 analysis were carried out using the R statistical programming platform, with differential expression analysis performed using the biocondoctor package edgeR. 55 Functional enrichment results were acquired using the DAVID web resource. 56 to identify the most significantly Figure 8 . B. Median of standard deviations for the expression of all genes for each QD load group, showing that narrower sorting gates did not consistently lower gene expression variability within treatment groups, and supporting the idea that response variability within QD load groups is decreased with increasing loads. Table S1 : Top 100 genes identified using classification trees to contribute the most to the separation between the treatment groups. Table S2 : Genes tagged as involved in cell cycle or stress response, identified as significantly enriched in functional enrichment analysis of the top 100 genes listed in Table S1 . 
